Abstract. We present a novel approach for automatic segmentation of the myocardium in short-axis MRI using deformable medial models with an explicit representation of thickness. Segmentation is constrained by a Markov prior on myocardial thickness. Best practices from Active Shape Modeling (global PCA shape prior, statistical appearance model, local search) are adapted to the medial model. Segmentation performance is evaluated by comparing to manual segmentation in a heterogeneous adult MRI dataset. Average boundary displacement error is under 1.4 mm for left and right ventricles, comparing favorably with published work.
Introduction
Segmentation of the human myocardium in in vivo MRI in a necessary rst step for various computational analyses of heart structure and function. Automatic segmentation is a challenge because intensity characteristics of cardiac MRI are complex, and because the myocardium is thin relative to typical MRI voxel size, particularly in the right ventricle (RV). Most existing techniques only segment the left ventricle (LV) (e.g. [11, 12, 1, 6] ), or segment either the inner surface (endocardium) or outer surface (epicardium) of the RV [9, 17, 13] . When characterizing pathology such as myocardial hypertrophy, myocardial infarction, and ventricular arrhythmias, a segmentation of both surfaces in LV and RV is desirable.
Examples of dual-surface RV and LV segmentation exist in the literature [10] , but there remains substantial room for improvement in accuracy.
When segmenting structures known to be thin a priori, it is natural to build thickness constraints into the segmentation algorithm. Standard active shape model (ASM), level set, and registration-based approaches, used widely for cardiac segmentation, do not provide an explicit way of doing so. However, coupledsurface approaches incorporated into the level set framework [16, 12] can be used to constrain the distance between endocardial and epicardial surfaces. In this paper, we explore an alternative approach, where a Markovian prior on model thickness is introduced by representing the myocardium using a deformable medial model. The medial model explicitly represents the skeleton of the myocardium as well as myocardial thickness. The boundary of the model (epicardial and endocardial) is derived from the skeleton and thickness data using a simple analytical expression. A parameterization of the volumetric region enclosed by the model is also easily derived. Thus, the model can explicitly represent constraints and prior knowledge regarding myocardial thickness, and there is no possibility of endocardial and epicardial surfaces crossing during model deformation.
Our approach builds on earlier work [14] that demonstrated the feasibility of capturing and analyzing myocardium shape using the continuous medial representation (cm-rep) with branching skeletons (Fig. 1) . This paper makes the step from shape modeling to segmentation by developing, from a large training set, a shape and thickness prior, which combines standard PCA for shape with a Markov model for thickness; and by incorporating into the cm-rep framework a statistical learning-based appearance model derived from the Active Shape Model (ASM) framework [4, 3] . This leads to excellent segmentation accuracy on short-axis cardiac MRI from a heterogeneous patient population.
Materials and Methods

Subjects, Imaging and Manual Segmentation
The primary dataset in this study, used for appearance learning and evaluation, consists of data from 40 subjects in four clinical cohorts: normal controls (n=10), myocardial infarction (MI) (n=10), hypertrophy (n=10) and dilation (n=10).
Short-axis cardiac MRI (TR/TE=2.9/1.2 ms, FA=45
• , in-slice resolution =
1.56 mm × 1.56 mm, slice thickness= 8 mm, no gap, FOV = 400 mm × 340 mm)
were acquired at CETIR Sant Jordi Centre (Barcelona, Spain) using a GE Signa
CVi-HDx 1.5T scanner (GE Healthcare, Milwaukee, USA). Author XX manually outlined the endocardial and epicardial surfaces of the LV and RV at end diastole, forming a volumetric two-chamber heart representation that typically spans 8-12 slices from the base to the apex. A secondary dataset of manual segmentations derived from similar short axis MRI of 81 subjects with a variety of common cardiovascular pathologies was used in the construction of the shape and thickness priors.
Medial Models
The medial model is dened as a pair (m, R), where m is the skeleton, i.e., a collection of adjoining co-dimension 1 manifolds in R 3 , and R is a positive scalar eld dened on m, called the radial eld. In practice, a triangular mesh (m, R; E)
is dened by applying Loop [8] subdivision rules (modied to handle junctions between manifolds) to a triangular mesh of control points (m ctl , R ctl ; E ctl ), where E, E ctl denote the edges in these meshes. Edges in the medial mesh (either control or subdivided) may belong to one, two or three triangles. The set of edges with three adjacent triangles is called the medial seam, and the set of edges adjacent Fig. 1 . The medial model of the myocardium that is used as a deformable template in our method. The skeleton of the model is partitioned into red, blue, and green surfaces corresponding to the RV wall, LV wall, and interventricular septum. The translucent gray surface is the boundary of the model, i.e. epicardium and endocardium.
to just one triangle is called the medial edge. Below, we treat (m, R) as smooth manifolds, although in practice they are approximated by discrete meshes.
The boundary corresponding to the pair (m, R) is dened as a set of points B,
such that the Blum medial axis transform (MAT) [2] of B is (m, R). Generally, B cannot be described analytically as a function of (m, R), as MAT may map whole patches of B to a single point on m. However, if (m, R) satisfy a set of conditions given in [15] , such an analytical description is possible. It is given by
− are surfaces that lie on the opposite sides of m:
where ∇ m R is the Riemannian gradient of R on m, and N m is the unit normal vector to m. branches, corresponding to the LV wall, the RV wall, and the ventricular septum.
Statistical Shape Model
Training data are used to construct statistical models for myocardial shape and thickness, as follows. The myocardial model ( Fig. 1 ) is deformed to binary segmentations of the myocardium in training data. The likelihood and prior terms used in this deformation are specied in [14] . In brief, the likelihood measures volume overlap between the binary segmentation and the model's interior, and the prior ensures model validity by penalizing violation of constraints in [15] .
Rudimentary correspondence between training data is achieved by penalizing the distortion in area element of m during deformation (this is roughly equivalent to equal arc length parameterization for 2D models). The Generalized
Procrustes algorithm is applied to points in the skeleton mesh to remove pose variability from tted medial models.
Variability in myocardial shape is modeled using a multivariate Gaussian distribution: principal component analysis (PCA) is applied to the x, y, z coordinates of vertices on the skeleton m. Thickness variability is modeled by a more localized Gibbs distribution (i.e., thickness is treated as a Markov random eld):
where i = 1 . . . N indexes vertices in the skeleton, and {µ i , σ i , µ jk , σ jk } are parameters estimated from the training data. The reason we use dierent priors for m and R stems from the fact that thickness varies much more smoothly than the x, y, z coordinates of the skeleton. Thus, the MRF is an appropriate model for thickness, but it is too restrictive for shape. We performed experiments that show that using PCA for both m and R leads to worse segmentation performance than using PCA for m and MRF for R.
Appearance Model
At each vertex in the medial model, we build a model of local appearance, which is subsequently used to drive image segmentation. Recall that ( A rich set of features is used to build these classiers. First, for each MRI slice, we compute a set of rotation-invariant texture descriptors at dierent scales [7] . Using Einstein notation, with L α denoting image derivative in direction α ∈ {x, y},
texture descriptors are sampled around each BV using a cylindrical sampling grid oriented along the chord direction. Linear interpolation is used to sample texture descriptors between slices. Thousands of features are obtained for each BV. For each feature, a simple threshold-based weak classier is constructed. AdaBoost [5] is used to combine these weak classiers into a single strong classier.
Automatic Segmentation
The automatic segmentation is initialized manually by identifying ve landmarks in the most basal slice of the MRI image and one landmark at the apex. The template medial model is anely aligned to the six landmarks. Subsequently, the model is deformed by iteratively applying two steps: local search and Bayesian deformation. Both of these steps are adaptations of the segmentation algorithm used in active shape models [4, 3] , and we only summarize them here. During local search, we displace each BV along the chord direction, so as to maximize the probability of it being a well-placed BV; this probability is estimated using the AdaBoost classier trained for that BV. Given two displaced BVsb 
Results
Segmentation performance is evaluated using a cross-validation strategy. We perform ten experiments in which the primary dataset (n=40) is divided into a training subset (n=24, 6 images from each cohort) and test subset (n=16, 4 images from each cohort). In each experiment, we build shape and thickness priors and train AdaBoost classiers for appearance modeling using the training subset. We then apply the segmentation method to the test subset. We measure the dierence between automatic segmentation results and manual segmentations and report average errors over the ten cross-validation experiments. Errors are reported in terms of the widely used point-to-mesh distance metric (e.g., [1] ). For controls. Sensitivity to initialization is illustrated in Fig. 3B , showing that the method tolerates small errors in initial model placement.
Discussion and Conclusions
Our results show that the automatic segmentation method is rather accurate relative to manual segmentation, with errors on the order of 1 mm. Table 1 shows that the accuracy of our method compares favorably with recently published boundary-based segmentation cardiac techniques on similar data, although one should use caution when comparing techniques that use dierent MRI sequences, dierent segmentation protocols and dierent error criteria. Even when the landmarks used for initialization are randomly displaced, our method achieves very good accuracy. Additional experiments not detailed here show that the MRF thickness prior is largely responsible for the strong performance of our method, as without this prior, the accuracy degrades substantially. Such a prior is made possible by the adoption of medial modeling.
As any complex Bayesian segmentation approach, our method requires many parameters to be set, including the relative weights of dierent prior terms, numbers and types of features used to train the appearance model, range of the local search, etc. In future work, it will be essential to measure sensitivity of the method to these parameters. Furthermore, it is critical to estimate how well the method generalizes to cardiac MRI from dierent MRI scanners and cohorts.
In conclusion, we have presented and evaluated a novel technique for biventricular myocardial segmentation. To our knowledge, it is the rst such technique to use medial models and to leverage thickness priors that such models enable.
The thickness prior, combined with established techniques from the boundarybased cardiac segmentation literature result in excellent accuracy relative to manual segmentation.
